This study aims to characterize diet-dependent amino acid metabolism by linking profiles of amino acids concentrations ("aminograms") with transcript datasets through the analysis of correlation. We used a dietary model of protein restriction-to-excess, where rats were fed diets with different levels of casein (5, 10, 15, 20, 30, 50, and 70%) for 2 wk. Twenty-five different amino acids in the plasma, liver, kidney, small intestine, and muscle and 71 gene transcripts in these compartments were measured together with general physiological variables. Under low-protein diet (LPD) conditions, the plasma aminogram for EAA was similar to that of the liver and the small intestine, respectively. Under the high-protein diet (HPD), however, the plasma aminogram for EAA became like that of muscle, while that of NEAA was similar with that of both liver and muscle. To assess the impact of gene expressions in each tissue on the plasma aminograms, correlations were obtained between aminograms and transcripts in each tissue under a diet with different protein levels. Based on the correlations obtained, amino acids and transcripts were systematically connected and then a metabolite-to-gene network was constructed for either LPD or HPD condition. The networks obtained and some other metabolically meaningful relationships such as ureagenesis and serine metabolism clearly illustrated activation of either body protein breakdown with LPD or amino acid catabolism with HPD. metabolomics; aminogram; amino acids metabolism; dietary protein THE INFLUENCE OF DIETARY PROTEIN INTAKE on physiology has been an important clinical issue (17, 22, 55) . Effects of protein restriction or excess have been studied in terms of either protective or exacerbating effects on various diseases such as diabetes (44), liver disorders (25), and renal complications (55) or physiological events such as aging (20) and pregnancy (27). Since dietary protein intake inevitably alters amino acid metabolism, blood free amino acid profile (aminogram) is expected to transform in accordance with some principle. Earlier studies analyzed metabolic responses to dietary protein intake in terms of blood aminogram changes (14, 43), but any uniform trends or distinct relationships have not yet been proposed. Thus, development of a methodology to achieve this is wanted, particularly for assessing how to contribute protein nutritional condition for specific pathophysiological events.
In general, data of free amino acids concentrations in clinical conditions are derived from blood (18, 28) , urine (50) , or amniotic fluid (4); however, amino acids can also be measured, though less frequently, in other biological fluids such as breast milk (1) and cerebrospinal fluid (10) and in cells (16) and tissues such as liver and muscle (10, 19) . The balance between branched amino acids (Leu, Val, and Ile; BCAA) and aromatic amino acids (Phe and Tyr; AAA), known as the Fischer's ratio, is one of a few established diagnostic markers utilizing plasma amino acid levels and is used for monitoring progression of liver fibrosis (11) . Unlike Fischer's ratio, neither metabolomic data nor aminograms have been well utilized to monitor the progression of such diseases as renal failure (33) , cancer (26) , atherosclerosis (15) , and diabetes (51) , where specific amino acid abnormalities have been reported.
Several useful analytical approaches, including principal component analysis and partial least-squares discriminant analysis, have been reported for metabolomic data analysis (5, 23, 34) . In this context, we previously demonstrated the usefulness of correlation analysis between metabolites and phenotypes and proposed a correlativity-based novel regression model for systematically identifying phenotypic indexes from blood aminogram data (36, 42) . The reported methods including ours unfortunately have been designed primarily as one of many biomarkers, and thus there are few trials from which to deduce more fundamental metabolic implications from the transformations of aminograms.
In this paper, we expand correlation-based analysis of the metabolomic and phenotypic dataset for describing diet-dependent alterations of whole body amino acid metabolism. First, we analyze the correlation of plasma amino acids with tissue amino acids to assess the aminogram as a potential indicator of the whole body metabolism network. Then, aminograms were correlated with gene expression profiles to obtain metaboliteto-gene connectivity. The network structure in rats fed either low (LPD) or high protein diets (HPD) was then visualized. Though the method in this study was developed under specific nutritional conditions, it has the potential to reveal alterations in the amino acids metabolic network in various pathophysiological conditions.
MATERIALS AND METHODS

Animals and diets.
Male young growing Fischer-344 rats were purchased from Charles River Laboratories (Kanagawa, Japan). They were maintained in a 12-h light/12-h dark lighting conditions. Rats were fed the diets specified below for 14 days and had free access to water. All studies were reviewed and approved by the Animal Care Committee of Ajinomoto.
A total of 35 rats were used in the experiments and were randomly divided into groups fed with 5, 10, 15, 20, 30, 50 , or 70% protein diets (n ϭ 5 each group), with body weights at the starting point of 88 Ϯ 5, 89 Ϯ 6 90 Ϯ 4, 89 Ϯ 5, 89 Ϯ 3, 90 Ϯ 4, and 89 Ϯ 3 g (mean Ϯ SD), respectively. The diet contained casein, cornstarch, cellulose powder, mineral premix, and soybean oil. The standard protein diet in this study contained 20% casein. A more detailed diet composition is shown in Table 1 . Multiple parameters described below were measured in the same individual animals.
Blood components and hormones. Blood glucose, cholesterol, triglyceride, ammonia (NH 3) , and albumin were determined using DRI-CHEM5500 (FUJI Films, Tokyo, Japan). Plasma nonesterified fatty acid (NEFA) was determined using commercial kits (Wako Pure Chemical Industries, Osaka, Japan). ␤-Hydroxybutyrate (BHB), a marker of ketosis, was measured enzymatically by Ketone Test (Sanwa Kagaku Kenkyusho, Nagoya, Japan). Serum leptin and insulin were determined using commercial rat/mouse ELISA kits (Seikagaku-kogyo, Tokyo, Japan). Plasma IGF-1 was determined using a commercial rat IGF-1 EIA kit (Diagnostic Systems Laboratories, Webster, TX). Plasma total thyroxine (T4) was determined using a commercial ELISA kit (Alpha Diagnostics Intl., San Antonio, TX).
Sample preparation. Plasma samples were prepared with EDTA as anticoagulant, treated with two volumes of 5% (wt/wt) trichloroacetic acid (TCA), and then centrifuged to remove protein as precipitate. The samples obtained were filtered through an Ultrafree-MC centrifugal filter (Millipore, Billerica, MA). To prepare deproteinized tissue extracts, tissues were homogenized with 5% TCA and processed with the same protocol used for plasma. All samples were kept at 4°C during all steps to minimize chemical reactions of thiol-metabolites and stored at Ϫ80°C.
Amino acid profiling. Plasma amino acid concentrations were measured using an L-8800 automatic amino acid analyzer (Hitachi, Tokyo, Japan) as described previously (37) . Briefly, amino acids separated by cation-exchange chromatography were detected spectrometrically after postcolumn reaction with the ninhydrin reagent. Tissue amino acids were analyzed by reverse-phase HPLC (Agilent Technologies, Palo Alto, CA) and triple-quadrupole tandem mass spectrometry (Perkin-Elmer, Shelton, CT) as described previously (21) .
Real time-PCR. Total RNA was extracted from the homogenized liver, kidney, muscle, and small intestine using an RNAeasy kit (Qiagen, Germantown, MD) following the manufacturer's instructions. mRNA was then extracted from total RNA preparations using an Oligotex kit (Qiagen) following the manufacturer's instructions. Quality and integrity of the RNA were checked by A 260/280 ratio and on a formaldehyde-agarose gel, respectively.
Equal amounts of RNA were reverse transcribed using Superscript II reverse transcriptase (Invitrogen, Carlsbad, CA) as per the manufacturer's instructions. Primers for RT-PCR were designed using the primer design software Primer3, and then the sequence homology for related proteins was checked. 18S ribosomal RNA was used as an endogenous control. RT-PCR was performed on an ABI Prism 7700 Sequence Detection System (PE Applied Biosystems, Foster CA), and the data obtained were analyzed using the provided software. The reaction mixture consisted of 4 l cDNA template, 10 l of Syber Green PCR master mix (Roche Biochemicals), 2 l of 0.25-1 M forward primer, and 2 l of 0.25-1 M reverse primer in a 20 l reaction volume. The PCR protocol consisted of one 10 min denaturation cycle at 95°C followed by 40 cycles of denaturation at 95°C for 15 s and annealing/extension at 60°C for 1 min. Standard curves for each gene and endogenous control 18S rRNA were obtained. The efficiency of PCR amplification was 100% and the R 2 value between 0.995 and 0.999. All RT-PCR data were first normalized by 18S ribosomal RNA and then expressed as relative mRNA levels to 20% casein group. Primer pair sequences are listed in Table 2 . We also examined that normalizing PCR signals to ␤-actin, which is another housekeeping gene, provides similar relative results as when the PCR signals are normalized to 18S rRNA.
Correlation based metabolite-to-gene network analysis. Correlation-based two-mode networks were constructed in accord with the previously reported method (6) . Generally in the metabolomics research, the two-mode network data is generated to assemble information that links metabolites with an array of collective entities such data as gene expression, protein expression, and enzymatic activity. A two-mode dataset is able to be generated without an assumption of direct relationships between metabolites or direct connections between the collective entities, while in most biological datasets direct relationships are assumed or derived from data such as one-mode datasets. For instance, we can choose "transcript" as a collective entity and then define a model as a metabolite-by-gene expression matrix. Two-mode datasets can be given as rectangular (n ϫ k) matrices of n metabolites and k transcripts. To uncover possible interactions between two entities i (ϭ metabolite) and j (ϭ transcript), the Pearson or Spearman's rank correlation coefficient ij has been calculated for each pair within the obtained dataset. The significance of each pair of metabolite and transcript was assessed using the false discovery rate (FDR), according to reported studies (41) . Then by eliminating the associations with lower ij pairs (n ϭ 20), we selected the networks that contained only highly significant correlated entities.
To measure centrality in two-mode datasets or a projected bipartite network, several standard measure of centrality can be used such as degree, closeness, betweenness, and eigenvector centrality (6) . In the present study, we used degree as a standard measure of centrality, where the degree centrality of a node is defined as the number of edges incident upon that node. In the case of correlation of metabolite and transcript, this means that the degree of a metabolite is the number of transcripts that relates with the metabolite, while the degree of a transcript is the number of metabolites that relates with the transcript. Thus, degree has a clear and simple interpretation in the Statistics. Statistical significance among the groups was determined either by Tukey's honestly significant difference test after an ANOVA for multiple comparisons. Power analysis was carried out using JMP version 5.0 (SAS Institute, Cary, NC) statistical software, where both power and least significant number of each parameters were determined. All correlation analyses were performed using JMP. The FDR for each metaboliteto-gene correlate pairs were estimated as a q-value using software created by Alan Dabney and John Storey (39) . The q-value for a particular correlation estimates the proportion, on average, of incurred false positives for correlations with a similar level of significance (47) . For generation of metabolite-to-gene network images, UCINET version 6.34 (Analytic Technologies, Harvard, MA) was used. 
RESULTS
Physiological variables in the rat dietary model of protein excess-to-restriction.
In this study, a dietary model of protein excess-to-restriction was employed, where rats were fed with different levels of casein (5, 10 15, 20 30, 50 , and 70%; n ϭ 5 per group) for 2 wk. The diet of 20% protein was assigned as the standard protein diet, as described in MATERIALS AND METHODS. Table 3 shows cumulative intakes of carbohydrate, fat, protein, and calories as well as physiological parameters such as body weight, tissue weight, blood components, and hormones at the end of 2 wk experiment. ANOVA of most parameters show clear statistical significances (P values) among seven rat groups. The total protein intake increased depending on the percentage of casein in the diet, while carbohydrate intake decreased, resulting in only slight variation among groups in total calorie and FAT intakes. Liver and kidney weights significantly increased parallel with an increase in dietary casein intake, while FAT weight decreased. Body weight and muscle weight altered in a biphasic manner; lower weights were observes either with both LPD (casein Ͻ20%) or HPD (casein Ͼ20%). Plasma triglyceride decreased parallel with an increase in dietary casein intake. Both plasma BHB and NH 3 changed concavely with the lowest values at 20 -30% casein diet.
We next prepared LPD (casein Ͻ20%) and HFD (casein Ͼ20%) groups by integrating each three groups (n ϭ 15 each) from original dataset. Significance test using t-test indicates physiological changes between two groups particularly in dietary intakes, tissue weights, plasma triglyceride, and glucagon (Table 1) . To justify obtained experimental groups, post hoc power analysis was carried out. As a result, higher powers between two groups were confirmed in significant parameters (Table 1) . Several nonsignificant parameters such as plasma insulin, T4, IGF-1, and cholesterol showed biphasic changes with the peak at ϳ15-30% dietary casein, indicating clear metabolic differences occurred between protein excess and restriction in present model.
Dietary protein level altered correlativity between plasma aminogram and physiological variables as well as tissue aminograms. We determined plasma aminograms from rats fed with different levels of casein (Fig. 1A) . In plasma, aminograms show clear changes depending on dietary protein levels. Most plasma essential amino acids (EAA) show an upward trend, while that of nonessential amino acids (NEAA) show complex changes, such as concave and convex trends. The aminogram from an individual rat was analyzed to find out possible relationships between physiological and dietary variables and plasma amino acids profile. The intensity of the correlation between each of 25 amino acids and each physiological and dietary valuable was assessed separately in LPD and HPD (Fig. 1B) . In all correlation types of analysis, a control group (20% casein, n ϭ 5) was added to both LPD and HPD groups, to assess changes in correlations from control to excess or deficiency of dietary protein. A nonuniform trend of correlation between these two attributes emerged. For instance, a cluster including urea and BCAA highly correlated with protein intake, kidney weight, liver weight, and glucagon particularly in HPD, while the other cluster, including NEAA, glutamine, and serine, highly correlated with carbohydrate intake and fat weight in LPD (Fig. 1B) . Furthermore, EAA, threonine, methionine, aromatic amino acid, tryptophan, and tyrosine had positive correlations with body and muscle weights and IGF-1 (Fig. 1B) . power of analysis were determined between groups given low protein diet (LPD, 5-15% casein; n ϭ 15) and high protein diet (HPD, 30 -70% casein; n ϭ 15). 3 Power represents the probability of getting a significant test result. 4 Nutrition intakes are expressed as cumulative intakes per 2 wk. Values given are means Ϯ SE. Mean in a column without a common letter differs, P Ͻ 0.05. We also obtained aminograms from the liver, kidney, muscle, and small intestine and then compared the similarity of the aminograms between plasma and each tissue, where EAA and NEAA were treated separately (Fig. 1C) . Changes of tissue aminograms are shown in Supplemental Fig. S1 . 1 With a load of either LPD or HPD, plasma EAA formed a cluster with liver or muscle EAA, respectively (Fig. 1C) . The least similarity with plasma EAA was found in small intestine EAA, tallying with the small impact of the small intestine on whole body EAA metabolism. With a load of LPD, in contrast, plasma NEAA formed a cluster with small intestine NEAA, and with a load of HPD, with liver and muscle NEAA (Fig. 1C) . The present results suggest that blood aminograms at a steady state are strongly affected by tissue metabolic activities but that the extent of the contribution varies depending on nutritional states.
Dietary protein level altered expression of gene relevant to amino acid metabolism. The impact of dietary protein ratios on gene expression levels was assessed by employing 71 genes that were involved primarily in the liver amino acid metabolic pathway of catabolism and de novo synthesis. We also analyzed genes known to be involved in the major pathways in the kidney, muscle, and small intestine (Fig. 2, A-D) , as well as neutral amino acid transporter genes in the liver, kidney (Fig.  2E) , IGF-1, and IGFBP1, -2, -3, and -5 genes in the liver (Fig.  2F) , and proteolytic genes in the muscle (Fig. 2G) . They are listed in Table 2 .
In the liver, gene expressions of most aminotransferase and deaminase increased in parallel with an increase in protein intake levels (Fig. 2, A and B) . Significant increases were observed in those of alanine aminotransferase (gpt1), ornithine aminotransferase (oat), serine dehydratase (sds), and glutaminase (gls2), but not in glutamate dehydrogenase (glud1) (Fig.  2, A and B) . Simultaneously, gene expression levels of kidney glutaminase (gls1) and glud1 increased significantly with positive correlations with an increase in dietary protein intake, but muscle and small intestine genes in general did not show clear trends (Fig. 2, A and B) . Gene expression levels of most liver methyltransferases and urea cycle increased. On the other hand, those of methionine adenosyltransferase-1A (mat1a) and ornithine decarboxylase (odc) changed concavely (Fig. 2, C  and D) . Those of liver neutral amino acid transporters, ATA1 (slc38a1), ATA2 (slc38a2), and ATA3 (slc38a4), increased with positive correlations with dietary protein level, while kidney slc38a1 and slc38a2 decreased (Fig. 2E) . Those of liver IGF-1 (igfbp1), IGFBP-3(igfbp3), and IGFBP-5 (igfbp5) changed convexly with a peak at ϳ15% casein, while those of IGFBP-1 (igfbp1) and -2 (igfbp2) changed concavely (Fig. 2F) . Those of most muscle proteolytic enzymes involved in the ubiquitin or calpain system increased with a load of LPD (Fig.  2G) . Among cathepsin genes, cathepsin-L (castl) gene expression increased with LPD, while expressions of cathepsin-B (castb) and cathepsin-H (casth) increased with HPD (Fig. 2G) .
Dietary protein level altered correlativity between amino acid and tissue transcript. We estimated the degree of correlation between amino acid and transcript separately in LPD and HFD. Both LPD and HPD data contain control groups (20% casein, n ϭ 5) to assess changes of metabolite-to-gene correlate pairs from control to excess or deficiency of dietary protein. Thus, both low protein and high protein data contain total n ϭ 20 animal data. We determined both Pearson and Spearman's rank correlation, but because of nonlinear relationships in most of the scatter plots (data not shown), we choose Spearman for a comparison of metabolite-to-gene correlate pairs in the present study. Figure 3A shows histograms of Spearman between amino acid and gene, where a total 8,640 metabolite-to-gene pairs were generated from 120 plasma and tissue amino acids and 71 tissue transcripts. To examine whether dietary protein could alter correlativity between amino acid and tissue mRNA expression, metabolite-to-gene pairs were arranged in order of the delta between two groups from negative to positive maximum, a finding that demonstrates that that part of the correlations was clearly sensitive to dietary protein (Fig. 3B) .
To assess the significance of correlate pairs, we determined an FDR, as estimated by a q-value, for each correlate. The q-value measures the predicted FDR associated with a significant test when multiple hypotheses are tested, i.e., a q-value of 0.05 implies that for every 100 significant correlates, five false correlates are expected. A comparison of multiple false discovery estimations on several gene expression data sets suggests that the q-value method has a high apparent power and strong control of the FDR. Predicted q-value in LPD and HPD data were compared with P values for ϳ8,640 metabolite-togene correlate pairs (Fig. 3C) . In LPD data, a P value of 0.0027 has a corresponding q-value of 0.05, which on average was associated with a correlation () of 0.62 (Fig. 3D ). This estimation of the FDR was different from the distribution of that of HPD data. In HPD, a P value of 0.0064 has a corresponding q-value of 0.05, which on average was associated with a correlation () of 0.59 (Fig. 3D) .
Metabolite-to-gene network illustrated a dietary proteindependent whole body metabolism. Metabolite-to-gene correlate pairs were visualized as bipartite network graphs using the Spearman matrices of two different entities of the aminograms from blood and tissues and of the gene expression data (Fig. 4) . For this analysis, a correlation cutoff was placed at 0.65, greater than the minimum of 0.63 indicated by a q-value of 0.05 (Fig. 3C) , where the q-value estimation of the FDR suggests that correlations with an absolute value Ͼ0.63 are very likely to be reproducible. To find importance in the bipartite networks, we used degree as a standard measure of centrality, where the degree centrality of a node is defined as the number of edges incident upon that node. Furthermore, we applied k-core analysis, which is an iterative process, where for each iteration of k, given the network from the previous iteration, nodes with fewer than k connections are removed from the graph. This will generate in a sequence of subnetworks that gradually reveal the globally central region of the original network. In Fig. 4 , each node is characterized by shape (metabolite or transcript), size (degree of correlation), and color ("coreness"). In addition, a red or purple line corresponds to the relationship inside or outside coreness-k max , respectively. Correlation networks in LPD and HPD groups were developed using 5-20% casein group data as LPD (n ϭ 20) and 20 -70% casein group data as HPD (n ϭ 20), respectively (Fig.  4, A and B) . In LPD, network analysis pointed out the highest degree of correlation in liver serine with igfbp2 and igfbp3, where serine was also linked with its metabolic enzymes, liver sds, and kidney pgdh. Both liver sds and oat seem to be dominant factors in amino acid enzymes correlating multiple amino acids under LPD. Muscle proteolytic enzymes' genes such as ubb, capan1, and ctsl are also factors linking multiple amino acids under LPD. These transcripts made coreness-k max and were linked to multiple amino acids (no indications in the figure) . As a whole, most free amino acids have smaller degrees and corenesses. This network under LPD conditions appears to illustrate the activation of body protein breakdown and subsequent free amino acid generation. In contrast, HPD conditions provided most aminotransferases and deaminases with larger degrees and highest coreness. As plasma or tissue urea cycle metabolites and NH 3 also bore the highest coreness, this network appears to illustrate activated whole body amino acid catabolism and ureagenesis (Fig. 4B) . Additionally, tyrosine is another factor observed in HPD, where tyrosine has multiple links to its metabolic enzymes of aromatic amino acid pathways (Fig. 4B) . Table 2 . Letters in parentheses attached to each gene correspond to the tissue names: liver (l), kidney (k), muscle (m) and small intestine (si). Values are expressed as means Ϯ SE (n ϭ 5). RT-PCR data was normalized by 18S ribosomal RNA. Relative mRNA expressions are expressed relative to feeding control protein group (20% casein).
Based on the network obtained above, we confirmed highlighted correlate pairs particularly in ureagenesis and serine metabolic pathways (Fig. 5) . Figure 5 , A-C, represents plasma serine concentrations and correlation between plasma serine and expressions of genes related to the serine metabolism, respectively. Plasma serine level increased depending on the decrease in the level of protein intake (Fig. 5A) . In LPD, expression of kidney 3-phoshoglycerate dehydrogenase (phgdh), a crucial enzyme in de novo serine synthesis, showed a clear positive correlation with plasma serine, while liver sds, a major serine catabolic enzyme, showed a negative correction with it (Fig. 5, B and C) . In HPD, these metabolite-to-gene relationships showed quite different trends; the phgdh expression was repressed and lost correlation with plasma serine, while sds came to have a slight positive correlation with it (Fig. 5, B and  C) . Figure 5 , D-F, represents plasma correlation plots between plasma urea and liver and kidney glutamate dehydrogenase and glutaminase expressions. Liver gls2 and kidney gls1 had clear positive correlations with plasma urea under HPD, but not LPD (Fig. 5D) . Under HPD, kidney glud1 showed clear positive correlations with plasma urea, while liver glud1 had negative correlations (Fig. 5E) . Here, muscle expressions of both genes did not show any clear correlation (data now shown). Correlation networks of both LPD and HPD groups clearly indicate higher dominance of sds and oat, where sds in particular shows a high degree of connectivity with urea in the HPD group. We found that liver sds and oat had the highest significant linear correlation with plasma urea among all pathway genes examined in this study, P ϭ 0. 83 (n ϭ 35, P Ͻ 0.0001) and 0.78 (n ϭ 35, P Ͻ 0.0001), respectively (Fig. 5F ).
DISCUSSION
Dietary model of "protein restriction-to-excess."
This study aimed to describe diet-dependent changes of amino acid metabolism by integrating aminograms and transcript profiles through correlation. A limitation in the correlation type of analysis exists in model validity, because the variables we were interested in from a nutritional aspect are sensitive to the degree of variation (45), and an introduction of an appropriate model will be crucial to overcome this limitation. From this, we chose a rat model of protein restriction-to-excess where rats were fed with a vastly wide range of casein contents in their diet, from 5 to 70%, for 2 wk and confirmed that this model could introduce enough changes in objective variables to be analyzed with validity. Most physiological parameters changed significantly with different types of trends such as upward, downward, convex, and concave; liver and kidney weights positively correlated with dietary protein levels, blood metabolites (glucose, cholesterol and BHB), and metabolic hormones (insulin, T4, IGF-1, and glucagon) changed so significantly that the metabolic changes due to dietary protein could be discussed in terms of the metabolic pathways and the endocrine regulatory system.
Contribution of dietary protein and tissue metabolism to plasma amino acids.
Steady-state plasma amino acid levels result from the rates of appearance (Ra) into and disappearance (Rd) from the plasma (9) . Basically, Ra and Rd are tightly regulated by hormones and the tissue metabolism, and at the postabsorptive state, Ra equals Rd (9) . To determine the interactions between such regulators and amino acids, aminograms obtained from the plasma, liver, kidney, small intestine, and muscle were subjected to correlation analyses. Most amino acids in the plasma correlated either negatively or positively with various physiological valuables, and the relationship was opposite between EAAs and nonessential ones (NEAAs) as a whole (data now shown).
Changes in plasma amino acids were shown to associate with physiological variables such as dietary protein, glucose, lipids, and hormones. EAAs, particularly BCAAs, showed positive correlations with protein intake, kidney mass, liver mass, NH 3 , and glucagons, indicating that those amino acid levels responded well to dietary protein intake. This is likely because the lack of de novo synthetic pathways for EAAs would reduce the contribution of tissueoriginated EAAs to Ra, which exaggerates the contribution of dietary protein. By contrast, most plasma NEAAs showed clear positive correlations with carbohydrate intake, FAT mass, and plasma triglyceride. Negative correlations of NEAAs with protein uptake, glucagon, and liver and kidney weights appeared to illustrate that tissue-originated release of NEAAs would mainly depend on dietary carbohydrate intake or that NEAAs level would be regulated depending on tissue de novo synthetic flux from glucose. As for the relationships between NEAAs and lipids, the influences of amino acids on lipid synthesis have been reported in terms of control of "anaplerosis" and "cataplerosis" (7, 38) or the activation of hepatic lipogenic flux (3, 53) . Thus, plasma (Fig. 3C) , where the q-value estimation of the FDR suggests that correlations with an absolute value Ͼ0.63 are very likely to be reproducible. A total of 432 and 560 metabolite-to-gene correlates were applied to estimate networks in low protein and high protein data, respectively.
NEAAs or EAA/NEAA ratio may be an indicator representing a balance of "anaplerosis" and "cataplerosis."
We hypothesized that plasma EAA levels are primarily maintained by postintestinal metabolism. To test this, we compared the plasma and tissue aminograms. The comparison was made separately for EAA and NEAA. As for EAA, the aminogram obtained from the intestine was consistently less correlated with the plasma aminogram than that from other tissues. Thus, the small intestine would have only minor effects on EAA metabolism. As for NEAA, however, the aminogram of the intestine had robust correlations with the plasma aminogram, particularly in LPD conditions, suggesting that NEAA was metabolically modified primarily by gastrointestinal metabolism.
Correlation analysis of aminogram and transcript profile. Trials for integrative profiling of metabolites and transcripts (12) or proteins (30) have been reported. None of studies, however, have tried to link aminograms with transcripts expected to be involved in the metabolic pathways. To address this, we introduced in our correlation analysis study a repertoire of transcripts that were supposed to be involved not only in the liver but also kidney, muscle, and small intestine metabolic pathways on the assumption that their metabolism would significantly contribute to the whole body amino acid metabolism.
The present data showed comprehensible trends of amino acid-gene correlation. For instance, liver gls2, kidney glud1 and gls2, and small intestine glud1 positively and obviously correlated with plasma urea but not muscle tissue isozymes, but liver glud1 showed negative correlations with plasma urea. Furthermore, the power of these correlativities was modified by dietary protein levels. Because the nutritional status can alter the share of each tissue's metabolic contribution, the plasma aminograms, in turn, could be utilized as a marker for the metabolic status of each of the tissues.
In the present study, cytosolic pyridoxal-5Ј phosphate (PLP)-dependent enzyme sds showed significant increases in response to protein intake and highly correlates with plasma urea. Interestingly, sds expression highly correlated with oat expression. This enzyme is known also to be dependent on PLP and to control urea generation (31) . Further, sds is reported to be induced by increased protein intake and correlates negatively with the nitrogen balance (24, 32) . Based on the knowledge above, the present results could be interpreted to mean that cytosolic sds works together with mitochondrial oat and meets an increasing demand of ureagenesis activity under high protein feeding. Plasma serine level was shown to increase under low protein feeding, together with a sharp increase in the expression of kidney 3-phosphoglycerate dehydrogenase (phgdh) that was solely responsible for serine de novo synthesis. Thus, it is likely that the plasma serine level would be controlled mostly by its metabolic genes, phgdh and liver sds. We also detected this kind of relationship between metabolites and their synthetic genes of amino acids such as aromatic amino acids, glutamine, and glycine; thus, further analyses of metabolite-to-gene correlativity in different experimental models may be helpful to understand the network of metabolic pathways carried by different tissues.
A metabolite-to-gene network illustrated by correlation analyses. Metabolic networks have been assembled by correlations using metabolic (46) or transcript data (40) . Except for metabolite-gene networks reported in plants (35, 49) , however, few trials have been carried out to combine different "types" of datasets. In this study, we utilized physiological variables, metabolites, and genes datasets and assembled the network by correlation analyses. To develop network structures, we used an analysis of two-mode network with k-core. An advantage in this kind of study is that the method allows for increasing the dimensions and integrating additional information into the resulting network graphs. As a result, a two-mode network illustrated direct metabolite-to gene interactions well, and kcore analysis was shown to be helpful to extract key structures in a given complex network, although the method had a potential limitation of not detecting interactions between the same entities with different origins (2, 6) . More sophisticated methodologies have been developed, but it is always practical to apply these to biological datasets because of assumptions not suitable for biological experimentation (8, 29) .
Under LPD conditions, the network structure highlighted the coreness-k max of serine, which was associated with IGFBP-2, IGFBP-3, and proteolytic genes, while under HPD conditions, the network structure highlighted the coreness-k max of urea cycle metabolites, which was associated with aminotransferases and deaminases. Contributions of both IGFBPs and proteolytic genes have been reported to adapt to protein restriction conditions (13, 48) . Moreover, our network model successfully illustrated that the liver or the muscle genes responded to the peripheral availability of amino acids with activation or inhibition of ureagenesis in protein-excess feeding or protein-restriction diet, respectively. Information about the interaction between metabolites and gene expression will provide clues, revealing underlying specific regulatory mechanisms.
Recent technology improvements in NMR or mass spectrometry enable investigators to analyze biological molecules comprehensively in biological fluids, where blood proteomics and metabolomics have been reported for disease marker discovery. Of course, these approaches could be much more powerful for exploring phenotypic markers than the sort of focused analysis used in the present study. In many cases, however, it is difficult to understand underlying mechanisms just from obtained comprehensive "omics" data, whereas the focused analysis has the advantage in integrating different types of analyses such as gene, protein, and metabolite and also in speculating mechanisms from projected relational networks. Therefore, the detailed analysis of particular metabolic pathways by targeted analysis of lipids or amino acids with transcript profiles in related pathway genes might be useful to understand disease-specific regulatory mechanisms, as well as to assess drugs and nutrients, presumably in recent problems of metabolic syndrome such as obesity, diabetes, and hyperlipidemia. Most recently, a new methodology of stable isotopic flux analysis for comprehensive pathway analysis has been reported (54) . A combination of relational networks and such flux analysis may certainly lead to establish new maps of metabolism.
